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Trend and Theory in Large-Scale Object and Scene Recognition

TATSUYA HARADATLT2

Recent year, the use of a large-scale image dataset collected from Web be-
comes a trend in the generic object and scene recognition. In this paper, I take
a brief look at the large-scale object and scene recognition, and introduce a
pipeline of the state-of-the art methods. Since scalability is a crucial issue in
the large-scale object recognition, I mainly focus on devices to keep scalabil-
ity and recognition accuracy. Especially, in order to keep scalability, a linear
classifier is commonly utilized. To obtain high recognition accuracy, an image
representation, which generates a feature vector from local descriptors, is a key
technique. Therefore, I expound details of image representations, and give a
unified view of those methods.
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